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Background 

Target trial emulation has become a core framework for generating real-world evidence by aligning 
observational analyses with the principles of randomized trials [1,2]. However, many applications focus 
on average treatment effects, even though treatment benefit and harm may differ across clinically 
meaningful subgroups [3]. For time-to-event outcomes, estimating heterogeneous treatment effects 
often requires data from multiple health systems, because any single site may have limited sample size, 
sparse events, or restricted subgroup representation. Direct pooling of patient-level data is often 
infeasible because of privacy, governance, and institutional constraints. Existing distributed approaches 
address part of this challenge, but they often require multiple communication rounds or approximate 
rather than reproduce the centralized pooled Cox analysis [4-6]. We developed MOCHA, a Multi-site One-
shot Lossless Cox Hazard Analysis framework, to support one-shot target trial emulation for 
heterogeneous treatment-effect estimation without sharing individual-level data. 

Methods 

MOCHA uses a harmonized study protocol across participating sites, including common eligibility criteria, 
covariates, subgroup definitions, outcomes, propensity score models, and Cox model specifications. Each 



site estimates propensity scores to balance observed confounders [11], creates propensity score strata, 
and evaluates its stratified Cox risk function over a prespecified Chebyshev grid spanning treatment, 
modifier, and interaction parameters. The resulting evaluation tensor is compressed into a low-rank 
tensor-train representation to reduce communication burden [9,10]. Each site transmits this compact 
summary once to the coordinating center, which reconstructs the pooled risk function and estimates 
subgroup-specific treatment effects with controllable approximation error. To address residual systematic 
bias, MOCHA incorporates negative control outcomes through empirical calibration [7,8]. Figure 1 
summarizes the MOCHA workflow, including protocol harmonization, local risk-function evaluation, 
tensor-train compression, one-shot aggregation, pooled-equivalent Cox estimation, and negative-control-
outcome calibration. 

 

Figure 1. Overview of the MOCHA framework and decentralized real-world application. 

MOCHA enables federated heterogeneous treatment-effect estimation for time-to-event outcomes through protocol 
harmonization, local risk-function evaluation, tensor-train compression, one-shot aggregation, pooled-equivalent 
Cox estimation, and negative-control-outcome calibration. 

Results 

In internal validation, MOCHA reproduced centralized pooled Cox estimates with high numerical fidelity. 
Point estimates aligned with the pooled gold standard, with a maximum absolute difference of 4 x 10-4, 
and standard errors were similarly preserved, with a maximum absolute difference below 2 x 10-3. Fixed-
effect meta-analysis and ODACH showed larger discrepancies, particularly for modifier and interaction 
terms, where sparse site-specific events can make local estimation unstable [5,6]. In the real-world 
application, MOCHA was implemented across five U.S. health systems: University of Pennsylvania Health 
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Study cohort and inclusion criteria
Eligibility Criteria
• Prescription of GLP-1RA or SGLT2i 

between 2019-01-01 ~ 2024-09-30
• Age ≥ 18 years at index date
• T2D diagnosis during baseline period
• No ESRD, dialysis, or T1D at 

baseline
• No medical history of non-fatal MI, 

non-fatal stroke, CV death, unstable 
angina

• Patients with complete demographic 
information

• ≥ 1 encounter during baseline period
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System, Yale New Haven Health System, Mayo Clinic, OneFlorida+ Clinical Research Network, and UT 
Southwestern Medical Center. The analysis included 102,593 adults with type 2 diabetes initiating 
glucagon-like peptide-1 receptor agonists (GLP-1RAs) or sodium-glucose cotransporter 2 inhibitors 
(SGLT2is). We evaluated 19 prespecified potential effect modifiers across six cardiovascular outcomes, 
including non-fatal myocardial infarction, non-fatal stroke, unstable angina, cardiovascular death, MACE-
3, and MACE-4. Consistent with prior comparative effectiveness studies of these drug classes [12,13], 
subgroup-specific hazard ratios were generally centered near 1 with overlapping confidence intervals, 
suggesting limited treatment-effect heterogeneity. For MACE-3 and MACE-4, most estimates modestly 
favored GLP-1RAs. Among patients with baseline HbA1c <8.5%, GLP-1RAs were associated with lower risk 
of MACE-3 and MACE-4 (hazard ratio 0.85, 95% confidence interval 0.74-0.97). Among patients not 
receiving lipid-lowering therapy at baseline, GLP-1RAs were associated with lower risk of MACE-3 (hazard 
ratio 0.86, 95% confidence interval 0.74-0.99), MACE-4 (hazard ratio 0.85, 95% confidence interval 0.74-
0.99), and cardiovascular death (hazard ratio 0.70, 95% confidence interval 0.50-0.98). Empirical 
calibration using 85 negative control outcomes widened confidence intervals and attenuated one 
boundary association to non-significance, while preserving the remaining associations that were robust 
to systematic-error adjustment. 

Conclusion 

MOCHA enables one-shot, pooled-equivalent Cox analysis for federated target trial emulation of 
heterogeneous treatment effects. In validation, it reproduced centralized pooled inference more closely 
than meta-analysis or ODACH while avoiding patient-level data sharing. In a multi-system study of adults 
with type 2 diabetes, MOCHA provided calibrated subgroup-specific estimates for cardiovascular 
outcomes comparing GLP-1RAs with SGLT2is. These results support MOCHA as a scalable approach for 
multi-institutional real-world evidence generation. 
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